The last mile in a public transport trip is known to bring a large disutility for passengers, because the conventional transport modes for this stage of the trip can, in many cases, be rather slow, inflexible and not provide a seamless experience to passengers. Fully automated vehicles (AVs), that is, those which do not need a driver, could act as a first mile/last mile connection to mass public transport modes. In this paper, we study a system that we call Automated Last-Mile Transport (ALMT), which consists of a fleet of small, fully automated, electric vehicles to improve the last mile performance of a trip done in a train. An agent-based simulation model was proposed for the ALMT whereby a dispatching algorithm distributes travel requests amongst the available vehicles using a FIFO sequence and selects a vehicle based on a set of specified control conditions (e.g. travel time to reach a requesting passenger). The model was applied to the case-study of the connection between the train station Delft Zuid and the Technological Innovation Campus (Delft, The Netherlands) in order to test the methodology and understand the performance of the system in function of several operational parameters and demand scenarios. The most important conclusion from the baseline scenario was that the ALMT system was only able to compete with the walking mode and that additional measures were needed to increase the performance of the ALMT system in order to be competitive with cycling. Relocating empty vehicles or allowing pre-booking of vehicles led to a significant reduction in average waiting time, whilst allowing passengers to drive at a higher speed led to a large reduction in average travel time, whilst simultaneously reducing system capacity as energy use is increased.
Introduction
The last mile in a public transport trip is known to bring a large disutility for passengers, as the conventional transport modes for this stage of the trip can, in many cases, be rather slow, inflexible and are not able to provide a seamless experience to the passengers. Wang and Odini (2012) indicate that the last mile is one of the main deterrents in public transport in order to be competitive with the car. Multiple new transport concepts (e.g. bicycle sharing systems, carsharing programs) have been proposed to solve the last mile problem (Correia and Antunes, 2012; Jorge and Correia, 2013) . However, passengers still face limitations when using these transport alternatives such as slow speed, weather conditions or high costs.
Personal Rapid Transit (PRT) is one of the transport concepts which could reduce the disutility for the last mile as it aspires to be on-demand and provide a direct service with a short waiting time by operating small vehicles on a separate network (Schweizer and Fabian, 2005) . Nevertheless, due to the fixed infrastructure, the accessibility of the service area is depending on the network density. The main drawbacks of conventional PRT systems are believed to be the visual intrusion of the guideway and the high investment costs (Andreasson, 2011) . Vuchic (1996) even states that the PRT concept is a combination of two incompatible systems: small vehicles vs. high transport volumes. Mueller and Sgouridis (2011) concluded that a PRT system could be made more viable if it would be integrated with light rail or metro lines, such that it encourages multimodal transport, and decrease the disutility on the last mile by providing fast transport from or to a transit hub.
Nowadays tests with highly automated vehicles (AVs) are taking place all over the world, as for example with the Google Car and Uber. However as automation technology is still far from full penetration, van Arem et al. (2015) indicate that probably the most promising short-term application of AVs for public transport purposes is on improving the door-to-door performance, by providing the last mile of a trip. They state that the most viable application areas to start this system are, for example, university campus areas, because densities are high but still with scattered demand patterns and with the possibility of driving the vehicle with higher safety inside the campus.
Fully automated vehicles (SAE-level 5), that is, those which do not need a driver, are in essence independent of special infrastructure and could, therefore, operate on any available infrastructure. Therefore, AVs are able to solve one of the main limitations of conventional PRT systems. AVs could further develop the PRT concept and improve the last mile accessibility in a public transport trip. The greatest advantage of this system compared to PRT systems is a major reduction in infrastructure costs. Comparing the AVs with the classic bus systems, these have great operational cost reduction as they do not need a driver and they can be demand responsive.
The system proposed and studied in this research will be designated as Automated Last Mile Transport (ALMT) system. The objective of this system is to improve the last mile performance in a public transport trip such that a door to door experience can be delivered to a passenger (Liang et al., 2016 ). The ALMT system is characterized as being a feeder service for conventional public transport operated by AVs. We consider this main part of a trip still being performed by high capacity conventional public transport (e.g. train or metro) as they are able to operate with a higher efficiency and with an economy of scale as indicated by van Arem et al. (2015) . The advantages of this combination strategy between high capacity (main part of the trip) and low capacity demand responsive (egress mode) has been studied by Mageean and Nelson (2003) who concluded that due to financial and scheduling reasons, Demand Responsive Transport (DRT) services are not suitable for a dominant mode of transport but should be regarded as a supplier of the main mode of transport.
The system that we will study is constituted by small, fully electric AVs. Vehicle batteries are recharged in a central depot or at an intermediate stop in the network. Booking of the vehicles occurs via a smartphone application or a push button at a stop, after which the vehicle is dispatched to pick-up the requesting passenger and bring him/her to the required destination. After the arrival, the vehicle awaits further orders until a new request arises.
In this research, we aim to assess the potential of the ALMT system in providing the suggested improvements to the last mile in a public transport trip with train as main mode. This is done by assessing the system performance under different scenarios in terms of network structure, demand patterns, and vehicle behaviour. Nevertheless, we must note that no demand model was used to relate the operational parameters and the total demand for these intermodal trips. For a study on the main trade-offs between several modes used as last mile transport of train trips, including both socio-demographic variables, mode specific attributes and attitudes, the study of Yap et al. (2016) provides interesting findings of a survey applied to the same case-study that we use in this paper.
The assessment of different operational and demand scenarios has been done through agent-based modelling (ABM). Many different simulation models of PRT systems and shared automated systems have been proposed in the literature, for example (Mueller and Sgouridis, 2011; Fagnant and Kockelman, 2015; PRT, 2015; Martinez et al., 2014 Martinez et al., , 2016 . However, none of those simulation models consider the last mile of a public transport trip, by incorporating full integration with train or metro .
The definition of agent-based simulation model used in this work is the one by Bonabeau (2002) : ''In agent-based modeling (ABM), a system is modelled as a collection of autonomous decision-making entities called agents. Each agent individually assesses its situation and makes decisions on the basis of a set of rules. Agents may execute various behaviours appropriate for the system they represent-for example, producing, consuming, or selling." This means that we are not considering other more complex components of the agents as memory and learning, focusing more on the decision-making and spatial interaction. The main advantage of ABM is the convenience in defining the behaviour of the system components up to a high level of detail by means of state charts. Statecharts allow the model designer to easily adapt the behaviour such that many variations can be simulated.
As a case-study for the model application we used the connection between the train station of Delft Zuid (The Netherlands) and the university campus of the Delft University of Technology because currently, no public transport exists in this connection, hence this could improve the last mile performance of people arriving at the campus. The distance between the train station and the passengers' destinations is on average 1.8 km and therefore should allow for efficient PRT operation according to Young and Miller (2003) . The available network infrastructure is constituted by wide cycle paths, as they provide the most direct routes to the trip destinations in the campus.
In the next section, the conceptual model of the simulation is presented in the methodology section. Then the Delft-Zuid case-study is presented together with the results of a demand survey at the station. The paper continues with the results of the experiments. It ends with the main conclusions that can be drawn from the paper.
Methodology
This section summarizes the main aspects of the simulation model that we propose in order to study the ALMT system. A conceptual overview of the simulation model, with the required inputs and desired outputs, is given in Fig. 1 . From this overview the main model components can be seen, these main components are the clients (demand) and the vehicles (supply), for which the interaction has been described in a dispatching algorithm.
The model structure has been built up such that the simulated objects represent the real world objects. The top level object of the simulation model is the network structure, which contains a set of nodes (stops) and links. As a sublevel of the network class, the train network has been included which holds the railway tracks and the station(s) for which the ALMT system operates as a feeder. Within the simulation environment, the vehicles and the passengers are characterized as agents, whose behaviour is defined by state charts, parameters, variables, and functions.
The simulation model uses as input for demand, OD matrices, and statistical distributions for the time of departure. A typical day in the simulation model is divided into three periods of the day (morning peak, off-peak and evening peak) for which during each period a distinct OD pattern exists. The total OD pattern during the day, combined with the statistical time of departure distribution together forms the considered demand model.
The behaviour of the demand is simulated by providing each simulated client agent with a state chart, which is shown in Fig. 2 . Every simulated client has a variety of states which he/she will have to go through, each state is activated if a set of conditions is met, these conditions are verified within the transitions (black arrows). As an example, a passenger enters the ''requests_vehicle" state if the model time equals the desired departure time of the passenger. The actions of a passengerentity are defined in the states by means of functions.
A similar approach has been chosen for the behaviour of the vehicles, of which the state chart is presented in Fig. 3 . The vehicle-entity specific parameters should be assigned according to the specifications of the vehicle manufacturer. At the start-up of the simulation model, it is possible to specify a variation of vehicle-related model variables, such as the fleet size, the average vehicle speed, the preferred charging strategy and the vehicle relocation strategy. During the simulation run, these variables are constantly updated, for example, the total vehicle weight as a function of the number of clients on board. Vehicle routing is characterized as static and decentralized, which means that every vehicle individually determines its route based on the origin and destination of the requesting passenger, by means of the Dijkstra algorithm (Dijkstra, 1959) , without taking additional network information (such as delays) into account. As for the vehicle dynamics, vehicles operate according to the specified link speeds, with instantaneous acceleration and deceleration on the transition between links. In this model no traffic congestion is considered in the links, hence the speed is never dependent on bicycles, cars or other AVs on the road.
Energy use of the vehicles is simulated using a system dynamics methodology in which a differential equation simulates the potential and kinetic energy equations for a moving vehicle, which allows network and vehicle specific variables, such as a variation of slopes, to be accounted for in the energy use (XPrize, 2007) . Energy use of a vehicle-agent is updated every simulation step according to the vehicle and network specific parameters which hold for that specific time step (e.g. slope of the network link and mass of the vehicle). Charging of vehicle-agents is triggered when the current battery state is below a certain threshold. This threshold can be set to be twice the energy needed to travel the maximum distance in the network for example, such that transportation of passengers can be completed without depleting battery resources. The equation used for charging is a linear charging function (Battery University, 2015) which has been adapted to case-specific parameters such as fast or slow charging.
To define the interaction between demand ( Fig. 2) and available vehicle-entities ( Fig. 3 ) a dispatching algorithm is proposed ( Fig. 4) , this dispatching algorithm distributes the demand based on a set of predefined control conditions amongst the available vehicles. These control conditions are: remaining battery capacity, available seating capacity and estimated waiting time for the passenger. If a vehicle meets all of these conditions it is marked as ''suitable" to serve the request. This analysis is done for all the vehicles in the fleet. The algorithm then sorts the suitable vehicles according to the minimum travel time to the requesting entity and selects the vehicle with the minimum travel time. Demand is distributed in First-Come-First-Serve (FCFS) sequence amongst the vehicles. The proposed dispatching algorithm is given in Fig. 3 . The algorithm is simulated as a function which can be called by every passenger entity by sending its location and destination as input.
As model output, a large variety of statistics are generated for every scenario. These can be divided in network, fleet and demand statistics. For the network, the maximum observed densities per link are calculated, as well as the average travel time matrix for all OD pairs in the network. The vehicle output characteristics vary from the range of the vehicles and the remaining battery capacity up to the number of transported passengers and the occupancy. The demand output parameters consist of average waiting and travel times and the number of transported passengers. 
Case-study
Introduction to the case-study
The case-study regards the connection between the train station Delft Zuid (The Netherlands) with the campus of the Delft University of Technology. The number of passengers which use Delft Zuid has been growing the last years up to 5000 daily passengers (Treinreiziger.nl, 2015) . Around 35% of the daily passengers travel between Delft Zuid and the TU Delft Campus. Trip lengths are distributed between 1.5 and 2.4 km, in a total network length of 7.2 km of bike lanes. Currently, no public transport exists in this connection, therefore the main modes of transport are walking and cycling. As a result of the lack of public transport, most of the visitors of TU Delft travel via Delft station (the city central station), although this is located farther away from the university campus.
The main network consists of wide cycle paths, which provide direct routes to all university campus zones ( Fig. 5 ). Operation on cycle paths brings restrictions to maximum allowed speeds. Although speeds cannot be considerably higher than cycling, it is expected that given the large share of passengers who are currently walking to their destinations (as we will show in the next section) there could still be large benefits to be obtained from this system. The case-study network consists of 13 centroids, for every faculty of the University, the train station, and the depot where vehicles are stored. The centroids (blue) are interconnected with two directional links. The two directional links are connected with each other via nodes (pink). The network is characterized by a dense network within the University Campus, and a single axis connecting the University Campus to the train station Delft Zuid, which has to accommodate all the traffic. Every network link has been observed by using a GPS device, which was used for measuring the length and the slope of the specific link.
The depot in which the vehicles are stored and charged is assumed near the train station Delft-Zuid, given the directional demand patterns (e.g. in the morning from Delft-Zuid to TU Delft campus and in the evening vice versa) this location is expected to result in a limited number of empty vehicle kilometres.
For the vehicles to be simulated in the ALMT system we used as reference the Renault Twizy, which is a small electric vehicle with a capacity for one passenger. The small dimensions of the vehicle allow a safe interaction with cyclists on the cycle paths in the case-study network. As the vehicle only has a capacity for one passenger, it is perfectly suitable for providing direct transportation services. Moreover, because the vehicle still has a steering wheel it can also be used in a ''not automated" mode, to allow passengers to drive the vehicle themselves. An impression of such a vehicle being tested at the TU Delft Campus is shown in Fig. 6 . In this project that funded the master thesis, these vehicles are considered since they are cheap electric and light vehicles. It makes sense to use higher capacity vehicles, as mentioned in the recommendations for further research.
Data collection
The demand for the case-study is by far the most important input of the simulation model and is described by the results of a travel demand survey which has been conducted to 941 respondents at the train station of Delft Zuid, representing 20% of the daily population of passengers at the train station. Respondents were questioned about their origin, destination, travel time and whether or not they would consider using AVs as a last mile transport mode. The survey has been conducted during two typical business days, at which no out of the ordinary events occurred. The output of this survey has been combined with public transit smart card data of the Dutch Railways (NS) to determine the total demand population which should be accounted for in the simulation and to verify the observed demand patterns.
The OD matrix has been determined based on a zonal level which corresponds to the chosen centroids, such that every faculty is represented by a single centroid. As directional demand exists during the day, per typical time period (morning peak, evening peak and off-peak hours) a separate OD matrix has been constructed.
The survey indicated that currently, the vast majority of the respondents is travelling the last mile by foot or by bike. Every respondent was asked whether or not they would consider AVs as the last mile transport mode. An average value of 57% was found, which is considerably higher than the European averages found by Cisco (2013) , which varied for Western countries between 37% and 45%. This difference could be explained by a bias in the group of respondents, as they are all affiliated with the Technical University Delft, therefore the pro-technical character of the respondents could be the cause of the biased result. When these results are compared to the non-TU Delft respondents a lower acceptance rate of about 45% is found. An overview of the modal shares and the automated vehicle acceptance per mode is given in Fig. 7 .
From Fig. 7 it can be concluded that amongst the respondents the acceptance of this new system is highest for pedestrians (blue) and other modes (green), which is logical since they are expected to face the highest disutility, because of their speed which leads to a higher travel time compared to the other modes of transport.
In Fig. 8 we show the demand in the two days of the survey. One can clearly observe that a large share of the demand is located at the faculty of Aerospace Engineering, which is one of the largest faculties of the TU Delft and the closest to the train station. The other destinations show a roughly smaller but balanced share in the total respondents' population. From this figure, it can also be concluded that the results for both days are roughly similar. As no large differences occurred between both surveying days, we chose to use the weighted average of both days to determine the random statistical distribution of the passengers' destinations.
From the sample data of the survey, the origin and destination by train (e.g. The Hague or Rotterdam) is assigned to every passenger. Additionally the last mile direction is generated according to the probability of a random passenger travelling from station Delft Zuid towards the TU Delft campus or vice versa. As a next step, based on the assigned last-mile direction, every passenger has a dependent probability of travelling during a certain period of the day: morning peak, off-peak or evening peak. Per period, the mean and the standard deviation of the exact departure time are estimated, and a departure time is generated by a Monte Carlo process (e.g. for the morning peak from Delft Zuid to the TU Delft campus the distribution is N (08:15, 00:42) in hh:mm). This departure time describes a preferred departure time of the passenger. In order to describe the group-wise arrival of passengers at the Delft Zuid station, departure times have been synchronized with the train schedule. As an example, for a passenger travelling from station Delft Zuid to the TU Delft Campus a departure time of 08:13 has been generated according to the normal distribution for the morning peak. If the next arriving train is scheduled to arrive at 08:15 the initial departure time of the passenger is overwritten to be 08:15.
The demand pattern appeared to be mainly one-directional (station to the campus and campus to the station) during the peak hours, and two directional during the off-peak hours. During the morning peak the dominant direction was found to be from the train station to the university campus with 91% of the trips, and during the evening peak, a similar pattern was found however in the opposite direction. The total demand during the day appeared to be almost equally divided amongst the three considered time periods as can be seen from Fig. 9 .
During the survey, passengers waiting at Delft Zuid were questioned. As respondents had to guess their expected arrival at Delft Zuid when originating from the TU Delft campus, these arrivals were obtained at a lower level of detail than the departure times. The latter correspond to the train arrival times, which are exactly known (in case of no delays). Additionally, the survey did not fully capture the demand pattern after the evening peak and inside the campus. This gap in the data is expected to be caused by the relatively short distances within the campus and by the fact that although the survey was anonymous, not every respondent was willing to provide his or her full daily schedule.
Simulated scenarios
The model presented in the previous section is used to simulate 10 different operational scenarios. For each scenario, one typical business day of operations has been simulated.
Within the proposed simulation model a variety of scenarios were tested, these scenarios vary in vehicle behaviour, demand behaviour, and network structure. All scenario outcomes are compared to a baseline scenario. Within this baseline scenario, the vehicles await every consecutive request at the last visited location in the network. Passengers can request a vehicle upon arrival at a stop, and vehicles start their service in the depot at which they are charged overnight or during operational hours when the battery capacity has reached the proposed threshold. In Table 1 the input parameters for the baseline scenario are shown.
On the base scenario, we have changed several properties in order to produce new scenarios to be tested. Variations in network structure were done by adding links to the baseline network ( Fig. 5 ) because these extra links are already existing in the infrastructure but are not the main cycle paths (named scenario 1); and by removing links from the baseline network for links which are currently not yet suitable for small AVs (e.g. due to steep slopes or short radius) (scenario 2). The main goal of these variations was to assess the influence of the network density on the system capacity.
Variations in the vehicle behaviour were simulated: instead of waiting for a request, vehicles are sent to locations at which high demand is expected before the actual demand exists at that location, in order to reduce waiting times. As demand during the peak hours appeared to be dominantly one-directional, vehicle relocations are most effective. Vehicle' relocations were simulated during the morning peak (scenario 3) and secondly during the morning and the evening peak (scenario 4).
Variations in demand were considered in the booking process of the AVs by allowing passengers to book a vehicle in advance via a smartphone application. A scenario in which the whole population uses pre-booking (5) and a scenario in which 65% uses pre-booking (6) are considered. The share has been chosen such that it represents the share of the population Fig. 9 . Demand directions for the morning peak, evening peak and off-peak hours. (TIC = TU Delft Campus).
that has a smartphone with internet connectivity. Scenario 5 thus represents the maximum effect when the total population uses pre-booking, and scenario 6 represents the current situation in which 65% of the population has a smartphone with an internet connection. This number has been based on the average for the Netherlands (CBS.nl, 2015a) .
Another variation in the demand was considered in which passengers are allowed to drive the vehicles themselves at a higher speed (30 km/h) to reduce travel time. First, 100% of the population drives the vehicle to observe the maximum effect (scenario 7), after which the current average share of the travellers who have a driver license (22%) was simulated (8). The share of 22% represents the number of public transport users that have a drivers' license, (CBS.nl, 2015b) , this share is typically lower than the national average as it concerns public transport users and a relatively young target group in the case study.
Furthermore, vehicle behaviour variations were simulated by changing the vehicle' charging strategy with the introduction of opportunity charging. Instead of only allowing vehicles to recharge their batteries when their battery state has The maximum time a passenger had to wait for a vehicle during one day of simulation Average waiting time [min] The average waiting time of all passengers during one day of simulation Average travel time [min] The average travel time of all passengers during one day of simulation Maximum travel time [min] The maximum travel time which occurred during one day of simulation reached a threshold and only at the depot, vehicles were allowed to charge at multiple locations in the network by using ''regular" chargers (scenario 9) or by using one single fast charger at the highest demand location (Aerospace Engineering (AE). (scenario 10). For each of these scenarios, the required number of simulation runs has been determined by selecting the most sensitive output variable, which appeared to be the total system capacity (i.e. the number of passengers who were served during the day). For the base scenario, the moving average does not change much anymore after 12 simulation runs, as can be seen in Fig. 10 . Each scenario was run the required number of runs with different seeds for the random numbers' generator to obtain average results.
A large variety of output indicators is generated by the simulation model. The most relevant are described in Table 2 , including their units.
Results and discussion
The model was coded in Java language using the platform Anylogic (Anylogic Software). The outputs are shown in Table 3 as a percentage of the base scenario results.
Network structure (scenarios 1 and 2)
The number of links in the network was expected to determine, to a large extent, the accessibility of the destinations. However, if the set of destinations has a high density, as in the case-study network, adding links does not lead to a reduction in travel times. In the case-study area, the new links that were added had low-speed limits as these were basically cycle paths. The benefit of shorter routes did not outweigh the reduction in speed because the maximum obtainable speed difference between the regular infrastructure and the newly added infrastructure was only 3 km/h. When links were removed in the shortest path to the destination with the largest demand (faculty of Aerospace Engineering), the travel time to and from this location increased 25%. As a result, the system capacity decreased 40% as vehicles were occupied 25% longer per trip and more energy is needed to operate the vehicles. The critical links in the network were the links which are part of the shortest paths for the largest demand flows.
Relocating empty vehicles (scenarios 3 and 4)
Given that in the base scenario, the system is not capable of serving all the demand during the peak hours, the efficiency of the system needs to be increased. The effectiveness of relocating empty vehicles during peak hours proved to be related to the direction of the demand pattern of the feeder line: during the morning peak, the majority of the passengers have the same origin (e.g. a train station) whilst in the evening peak large variations in the set of origins occur. Relocating empty vehicles during the off-peak hours does not necessarily lead to a reduction in average waiting time because, in the case-study, the demand in this period was very diverse, much smaller than on the peaks and two directional.
For the case-study, reductions of the daily average waiting time up to 40% were obtained with relocations,of which roughly 30% was obtained during the morning peak (scenario 3) and 10% during the evening peak (scenario 4). Relocating empty vehicles during the evening peak is less effective as the available fleet size is smaller due to charging requirements of the vehicles. As a side effect, relocating empty vehicles increases the system capacity as it reduces the average waiting time for a vehicle, and therefore reduces the total time in which a vehicle has occupants. Additionally, relocating empty vehicles leads to a slight decrease in vehicle occupancy, as all the vehicles are relocated to an origin corresponding to the dominant direction of the demand flow. Because not all demand is originating from the selected origin, some vehicles have to travel back from the relocation node to the requesting passenger location (e.g. during the morning peak 9% of the demand originates within the TU Delft campus, whilst all vehicles are relocated to Delft Zuid). Although the used relocation strategy is a relative simple one, it shows the potential of relocating empty vehicles. When network size increases, so does the complexity of the relocation strategy (Jorge et al., 2014) .
Short term pre-booking (scenarios 5 and 6)
Short term pre-booking of vehicles aims to reduce the average waiting time of a passenger, by allowing the clients to prebook a vehicle via a smartphone application. The pre-booking time has been varied from 1 up to 15 min during multiple simulation runs. A clear optimal short term pre-booking time has been found. This pre-booking time appeared to be equal to the average travel time in the network, which in the case-study was 7 min, as can be seen in Fig. 11 .
In the case-study, the influence of two different shares of passenger populations which use pre-booking was studied. Allowing all passengers to use short term pre-booking (5), resulted in a reduction of 80% in the average waiting time. However, short term pre-booking reduces the available capacity of the ALMT system because vehicles are occupied for a longer time period. As a result, the capacity of the system was reduced 1.3%, this reduction occurs mainly during the peak hours when more demand than available system capacity exists. Considering the share of passengers who have a smartphone with access to the internet (65%) (scenario 6), a reduction in average waiting time of 58% was obtained. Again, the system capacity dropped 0.7%. As a side effect of the pre-booking setup, it was found that the probability of passengers who are not using prebooking to find a vehicle strongly decreases.
Passengers are able to drive themselves (scenarios 7 and 8)
Allowing passengers to drive themselves (at a higher speed) has the potential to reduce the average travel times experienced by them. A reduction of 40% on the average travel time was obtained by allowing all passengers to drive the vehicle themselves (scenario 7). Due to the higher speed, the energy use of the vehicles increased 146%. With the increased energy usage, the vehicles require charging at an earlier point in time and therefore reduce the system capacity by 8%. Considering the percentage of public transport users who have a drivers' license (22%) (scenario 8), only a reduction in average travel time of 8.7% was obtained. Nevertheless, energy use of the vehicles increased 20%, leading to a capacity reduction of 1.7%. Allowing passengers to drive at a higher speed, whilst at the same time having the empty automated vehicles driving at a lower speed, requires overtaking. The observed vehicle densities of 15 veh/km per direction limit the available gaps in which an overtaking manoeuvre could be made moreover we are not even considering the bicycle traffic.
Opportunity charging (scenarios 9 and 10)
In the base scenario, the energy use of the vehicles is one of the important determinants of the available capacity of the ALMT system during the evening peak. In order to increase the available capacity, opportunity charging strategies have been simulated. Introducing extra regular chargers at multiple locations in the network (instead of only in the depot), a reduction in the number of vehicles that require charging during the evening peak was obtained. For the case-study, two locations were selected that have the largest demand (Depot near Delft Zuid and the faculty of Aerospace Engineering). Allowing opportunity charging with slow chargers increases the system capacity by 0.2%. At least 9 regular chargers were needed to charge the vehicles, of which a maximum of 6 chargers were used during the off-peak hours and 9 during the evening peak. The single ''fast" charger in scenario (10) proved to be able to compete with the required 9 needed regular chargers in scenario (9). Installing a fast charger in the network results in an increase in system capacity of 0.6%. Fast chargers are only able to charge vehicle batteries up to 80%, the amount of energy that needs to be recharged at the end of the day is 10% higher compared to the base scenario. However, this does not influence the system performance on the last mile as recharging of the vehicles occurs overnight, whilst no vehicles are in operation. This increase in system capacity appears to be small, but it shows the potential to apply this method together with other system settings (e.g. higher speeds).
Conclusions and directions for further research
The research on the last mile in public transport trips has shown that in many cases this stage of a trip is inflexible and slow, therefore representing considerable disutility in a public transport trip. Thus the last mile is one of the main deterrents for a public transport mode to be able to take demand from private vehicles. PRT systems aspire to solve the last mile by delivering a fast, direct, on-demand, automated mode of transport on segregated guideways. However, as conventional PRT systems are bound to segregated guideways, these systems face high investment costs and low flexibility in routing of vehicles. As AVs are able to operate on any kind of road, the ALMT system, that has been proposed in this research, can be characterized by being a PRT system with the advantage of being able to drive everywhere including cycle paths. The use of existing infrastructure reduces investment costs and creates a high flexibility with regard to the routing of the vehicles. A simulation model was proposed for the ALMT system in which the main component is the interaction between the vehicles and the passengers of the ALMT system in a road network. A dispatching algorithm distributes travel requests amongst the available vehicles using a FIFO sequence and selects a vehicle based on a set of specified control conditions (e.g. travel time to reach a requesting passenger). This concept has been programmed as an agent-based simulation model in the software AnyLogic.
Simulations have been done for the case-study of the connection between the train station Delft Zuid and the Technological Innovation Campus (Delft, The Netherlands). The system performance is measured at three different levels (passenger, vehicle, and system). The most important output parameters are the system capacity, average travel time and average waiting time.
It was possible to conclude that four of the presented operational strategies positively influence the last mile performance (in terms of system capacity and travel time) of the ALMT system. This positive influence may lead to a better competitive position of the automated transit with regard to the other modes of transport for the last mile. It is expected that when incorporating empty vehicles relocation, intermediate charging of the vehicles and allowing a higher operational speed in the system specifications, the ALMT system is able to compete with the both bicycle and walking in terms of travel time on the last mile as these measures have the potential to reduce both the average travel time and waiting time. Considering the casestudy, a reduced average total travel time of 6 min and 45 s is estimated. This time could be further reduced by allowing pre-booking, but this would require more vehicles to serve the same demand. The travel time estimate is based on the expectation that intermediate charging of the vehicles can compensate the reduction in system capacity as a result of the higher operational speed. If this appears not to be true the average total travel time is expected to be equal to the average travel time by cycling. The given estimate indicates the potential for the ALMT system as a last mile system, as it can compete with the walking mode, and when a speed increase is possible, the ALMT system should also be capable of competing with cycling, resulting in a fast and flexible last mile transport mode.
The main limitation of the simulation model is the lack of interaction between vehicles and other road users. It is expected that this interaction will influence the performance of the ALMT system on the last mile, as congestion on links or at stops could arise. Therefore, this should be incorporated in the further development of the simulation model. To further improve the vehicle behaviour, acceleration, and deceleration, merging, overtaking, car following should be incorporated.
As the potential market is larger than only the travellers between Delft -Zuid and the TU Delft campus a mode choice model should be incorporated and the OD-matrix should be extended to a higher spatial level. This way comparing mode alternatives is incorporated instead of assuming a fixed demand size for the automated vehicles between Delft Zuid and the TU Delft campus.
Relocating empty vehicles was done towards the major expected demand which means that the largest share of the demand experiences benefits from relocating vehicles. However, with an algorithm which distributes the vehicles in the network in a more accurate way, by considering all locations for which demand is expected, this may lead to even further gains. With short term pre-booking, limitations were faced with regard to the occupied time of the vehicle. It would be beneficial for the system performance to know the pre-booking behaviour of the passengers in advance hence research on that topic should also be done.
It is expected that higher capacity vehicles can bring advantages (both operational and economical) as economies of scale can be obtained. With these vehicles, multiple passengers with similar directions can be bundled together. However, these vehicles would require centralized routing, as the routing process becomes much more complex. With a centralized routing algorithm, the ALMT system has the opportunity of incorporating congestion information in the routing of the vehicles. As AVs do not require any specialized infrastructure (such as trams) they have the possibility to operate on any kind of road available, the vehicles of the ALMT system have the opportunity to avoid congestion, which is expected to be beneficial for the system performance.
The ALMT system has been assessed on the performance of the last mile in a public transport trip from an operational point of view. However, for the system to be economically feasible, a cost-benefit analysis should be done to assess the economic viability of the system. The simulation model has been set up such that it can be used as a reference to produce some indicators needed for such cost-benefit analysis. However, in order to do so a mode choice model should be incorporated to also capture the potential market (the travellers who are currently not travelling via Delft Zuid).
